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Abstract—The performance of many nature-inspired
optimization algorithms (NIOAs) depends strongly on their
implemented coordinate system. However, the commonly used
coordinate system is fixed and not well suited for different
function landscapes, NIOAs thus might not search efficiently.
To overcome this shortcoming, in this paper we propose a
framework, named ACoS, to adaptively tune the coordinate
systems in NIOAs. In ACoS, an Eigen coordinate system
is established by making use of the cumulative population
distribution information, which can be obtained based on
a covariance matrix adaptation strategy and an additional
archiving mechanism. Since the population distribution infor-
mation can reflect the features of the function landscape to
some extent, NIOAs in the Eigen coordinate system have the
capability to identify the modality of the function landscape.
In addition, the Eigen coordinate system is coupled with the
original coordinate system, and they are selected according to a
probability vector. The probability vector aims to determine the
selection ratio of each coordinate system for each individual,
and is adaptively updated based on the collected information
from the offspring. ACoS has been applied to two of the most
popular paradigms of NIOAs, i.e., particle swarm optimization
and differential evolution, for solving 30 test functions with
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Computation. The experimental studies demonstrate its
effectiveness.
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I. INTRODUCTION
NATURE-INSPIRED optimization algorithms (NIOAs)are a class of meta-heuristic algorithms inspired by
natural phenomenon. NIOAs usually exploit nature-inspired
mechanisms from natural evolution and swarm intelligence to
evolve a population of candidate solutions toward the optimal
solution. Up to now, numerous NIOA paradigms have been
proposed, such as genetic algorithm [1], evolutionary program-
ming [2], evolution strategy (ES) [3], genetic programming [4],
differential evolution (DE) [5], particle swarm optimization
(PSO) [6], bat algorithm (BA) [7], teaching-learning-based
optimization (TLBO) [8], and Jaya algorithm [9]. Compared
with other types of optimization methods, NIOAs have some
advantages, such as ease of use, simple structure, efficiency,
and robustness. Therefore, NIOAs have been broadly applied
to diverse fields, such as renewable energy [10], automotive
design [11], route planning [12], classification [13], image
processing [14], and action recognition [15].
For many NIOAs, their performance relies crucially on
their implemented coordinate system. However, the origi-
nal coordinate system, which is the most frequently used
coordinate system in current NIOAs, is fixed throughout
the search process. Under this condition, NIOAs may fail
to produce promising solutions matching the requirements
of different function landscapes or even one function land-
scape at different search stages. As a result, it is difficult
for NIOAs to search efficiently in the original coordinate
system.
To remedy this issue, in some variants of ES and DE,
the Eigen coordinate system is established by making use
of the population distribution information. As shown in Fig. 1,
the population distribution information can reflect the fea-
tures of the function landscape to a certain degree and the
established Eigen coordinate system (i.e., o′x′1x′2) is more suit-
able for the contours compared with the original coordinate
system (i.e., ox1x2). Therefore, it is expected that NIOAs
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Fig. 1. Advantage of the Eigen coordinate system. In this figure, the dashed
ellipses display the contours, ox1x2 denotes the original coordinate system,
and o′x′1x′2 refers to the Eigen coordinate system. Compared with ox1x2,
o′x′1x′2 is more suitable for the contours since it is established based on the
population distribution information.
implemented in the Eigen coordinate system possess the capa-
bility to identify the modality of the function landscape and
search efficiently. In 2001, a famous ES called CMA-ES was
proposed by Hansen and Ostermeier [16]. In CMA-ES, an
Eigen coordinate system is established by utilizing the cumu-
lative population distribution information (i.e., the current and
historical population distribution information). Afterward, the
offspring population is sampled from this Eigen coordinate
system. Overall, CMA-ES shows very fast convergence speed
and is significantly superior to the ordinary ES. Recently,
three attempts (i.e., DE/eig [17], CoBiDE [18], and CPI-
DE [19]) have been made to enhance DE’s performance by
implementing the crossover operator in both the Eigen coordi-
nate system and the original coordinate system. In DE/eig and
CoBiDE, only the current population distribution information
is extracted to establish the Eigen coordinate system, while
like CMA-ES, in CPI-DE the cumulative population distribu-
tion information is employed to construct the Eigen coordinate
system. It is interesting to note that all these three attempts in
DE draw the similar conclusions: 1) each coordinate system
has its own advantages and is suitable for certain kinds of
optimization problems and 2) combining these two coordinate
systems can obtain better performance than just using one of
them during the evolution. The above conclusions motivate us
to design an adaptive scheme to make full use of these two
coordinate systems.
This paper presents an adaptive framework, called ACoS, to
tune the coordinate systems in NIOAs. ACoS takes advantage
of a covariance matrix adaptation strategy and an additional
archiving mechanism to extract cumulative population distri-
bution information, with the aim of establishing the Eigen
coordinate system. Moreover, this Eigen coordinate system is
synthesized with the original coordinate system, and they are
selected based on a probability vector. This probability vec-
tor determines the selection ratio of each coordinate system
for each individual and is adaptively updated according to
the collected information from the offspring. ACoS has been
applied to two of the most popular NIOA paradigms: 1) PSO
and 2) DE. The effectiveness of ACoS has been validated by
comprehensive experiments on 30 test functions with 30D and
50D at the 2014 IEEE Congress on Evolutionary Computation
(IEEE CEC2014) [20].
The main contributions of this paper are summarized as
follows.
1) This paper provides a new point of view toward how
to describe some common nature-inspired operators in
the original coordinate system, and also offers a con-
venient transformation from a nature-inspired operator
in the original coordinate system to the correspond-
ing nature-inspired operator in the Eigen coordinate
system.
2) A simple yet effective approach is proposed to establish
the Eigen coordinate system, which consists of two main
elements, i.e., a covariance matrix adaptation strategy
and an additional archiving mechanism. In comparison
with the previous methods, the cumulative population
distribution information derived from our approach is
more sufficient.
3) By using a probability vector, this paper presents an
adaptive scheme to select an appropriate coordinate
system from the original coordinate system and the
Eigen coordinate system for each individual during the
evolution.
4) The proposed framework (i.e., ACoS) can be readily
applied to various NIOAs. In this paper, we have ver-
ified that ACoS is able to improve the performance of
two of the most popular NIOA paradigms: PSO and DE.
To the best of our knowledge, it is the first attempt to
improve PSO’s performance by adjusting the coordinate
systems in an adaptive fashion.
The rest of this paper is organized as follows. Section II
briefly introduces PSO and DE. Section III presents the coor-
dinate systems and their related work. The proposed ACoS
and its implementation details are presented in Section IV.
The experimental results and the performance comparisons
are given in Section V. Finally, Section VI concludes this
paper.
II. PARTICLE SWARM OPTIMIZATION
AND DIFFERENTIAL EVOLUTION
PSO and DE have become two of the most popular NIOA
paradigms. In this section, we will briefly introduce them.
A. Particle Swarm Optimization
PSO [6] is inspired by swarm behavior. It searches with a
population (called swarm) of candidate solutions (called par-
ticles or individuals). Each particle moves in the search space
to seek the global optimum, and its movement is guided by its
own personal historical best experience as well as the entire
swarm’s best experience. Due to ease of use and efficiency,
PSO has been successful applied to a variety of real-world
optimization problems [21].
PSO contains two core equations: 1) the velocity updating
equation and 2) the position updating equation. At genera-
tion g, PSO updates the dth dimension of the ith particle’s
velocity −→v gi = [vgi,1, vgi,2, . . . , vgi,D]T and position −→x gi =
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[xgi,1, x
g
i,2, . . . , x
g
i,D]T as follows:
v
g+1
i,d = vgi,d + c1r1,d
(
pbestgi,d − xgi,d
)
+ c2r2,d
(
gbestgd − xgi,d
)
(1)
x
g+1
i,d = vg+1i,d + xgi,d (2)
where i ∈ {1, . . . , NP}, d ∈ {1, . . . , D}, NP is the popula-
tion size, D is the dimension of the search space, −−→pbestgi =
[pbestgi,1, pbest
g
i,2, . . . , pbest
g
i,D]T denotes the ith particle’s his-
torical best position, −−→gbestg = [gbestg1, gbestg2, . . . , gbestgD]T
means the entire swarm’s best position, c1 and c2 are the accel-
eration parameters, and r1,d and r2,d refer to two uniformly
distributed random numbers between 0 and 1.
From (1) and (2), it is apparent that PSO works dimen-
sion by dimension. Based on the updating of each dimension,
the whole velocity and position of a particle are updated as
follows:
−→v g+1i = −→v gi + c1R1
(−−→
pbestgi − −→x gi
)
+ c2R2
(−−→
gbestg − −→x gi
)
(3)
−→x g+1i = −→v g+1i + −→x gi (4)
where R1 = diag(r1,1, r1,2, . . . , r1,D) and R2 =
diag(r2,1, r2,2, . . . , r2,D).
Since PSO’s inception, many researchers have improved its
performance in different ways [22], [23]. One way is to control
or adjust the particle’s velocity. Shi and Eberhart [24] incor-
porated an inertial weight w into the original PSO’s velocity
updating, and (3) is thus modified into
−→v g+1i = w−→v gi + c1R1
(−−→
pbestgi − −→x gi
)
+ c2R2
(−−→
gbestg − −→x gi
)
. (5)
The only difference between (3) and (5) is that in (5) w is
attached to −→v gi . In (5), the value of w decreases linearly from
0.9 to 0.4 over the course of search. It is because a larger w
in the early stage of evolution is beneficial to exploration, and
a smaller w in the later stage of evolution can facilitate the
exploitation. In addition, Clerc and Kennedy [25] introduced
a constriction factor χ to reformulate the particle’s velocity
updating
−→v g+1i = χ
[−→v gi + c1R1
(−−→
pbestgi − −→x gi
)
+ c2R2
(−−→
gbestg − −→x gi
)]
(6)
where χ = 2/|2 − ϕ − √ϕ2 − 4ϕ| and ϕ = c1 + c2. χ is
preferably set to 0.729 together with c1 = c2 = 2.05. For the
sake of convenience, the PSO variants in [24] and [25] are
called PSO-w and PSO-cf in this paper, respectively, which
are two of the most popular PSO variants.
B. Differential Evolution
DE [5] is another simple yet efficient NIOA paradigm which
has been successfully used to deal with a wide spectrum
of optimization problems [26]. Similar to other NIOAs, DE
searches with a population of NP individuals: Pg = {−→x gi =
[xgi,1, x
g
i,2, . . . , x
g
i,D]T , i = 1, 2, . . . , NP}, where g denotes the
generation number, NP means the population size, and D
refers to the dimension of the search space. In DE, at gen-
eration g = 0, the initial population P0 is randomly sampled
from the search space. After initialization, DE employs muta-
tion, crossover, and selection operators to steer the population
toward the global optimum.
Mutation: The aim of the mutation operator is to generate
a mutant vector −→v gi for each individual −→x gi (also called a
target vector). The following are four commonly used mutation
operators in the literature.
1) DE/rand/1
−→v gi = −→x gr1 + F ∗
(−→x gr2 − −→x gr3
)
. (7)
2) DE/rand/2
−→v gi = −→x gr1 + F ∗
(−→x gr2 − −→x gr3
) + F ∗ (−→x gr4 − −→x gr5
)
.
(8)
3) DE/current-to-best/1
−→v g+i = −→x gi + F ∗
(−→x gbest − −→x gi
) + F ∗ (−→x gr1 − −→x gr2
)
.
(9)
4) DE/rand-to-best/1
−→v gi = −→x gr1 + F ∗
(−→x gbest − −→x gr1
) + F ∗ (−→x gr2 − −→x gr3
)
(10)
where the indices r1, r2, r3, r4, and r5 are mutually different
integers randomly selected from [1, 2, . . . , NP] and are also
different from i, −→x gbest denotes the best target vector in the
current population, and F refers to the scaling factor.
Crossover: After mutation, the crossover operator is per-
formed on each pair of −→x gi and −→v gi to generate a trial
vector −→u gi = [ugi,1, ugi,2, . . . , ugi,D]T . The binomial crossover
is expressed as follows:
u
g
i,j =
{
v
g
i,j, if randj ≤ CR or j = jrand
x
g
i,j, otherwise
(11)
where jrand is a random integer between 1 and D, randj is
a uniformly distributed random number between 0 and 1 for
each j, and CR denotes the crossover control parameter. The
condition “j = jrand” makes −→u gi different from −→x gi by at least
one dimension.
From (11), it is easy to see that the crossover operator is
implemented dimension by dimension. The updating of the
whole trial vector can be described as follows:
−→u gi = −→x gi + Cr
(−→v gi − −→x gi
) (12)
where Cr = diag(s1, s2, . . . , sD), and
sj =
{
1, if randj ≤ CR or j = jrand
0, otherwise , j = 1, 2, . . . , D.
Selection: The selection operator is designed to select the
better one between −→u gi and −→x gi to enter the next generation.
For a minimization problem, it can be described as follows:
−→x g+1i =
{−→u gi , if f
(−→u gi
) ≤ f (−→x gi
)
−→x gi , otherwise. (13)
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DE has also attracted much attention [27] and a consider-
able number of DE variants have been proposed. Among them,
jDE [28], SaDE [29], and JADE [30] are three state-of-the-art
DE variants. jDE is a DE with self-adaptive control parameter
settings [31]. It encodes the control parameters F and CR into
individual level and evolves them. SaDE adaptively adjusts the
trial vector generation strategies and control parameter settings
simultaneously by learning from the previous experience. It
maintains a strategy candidate pool which contains four dif-
ferent trial vector generation strategies. Each individual selects
a trial vector generation strategy from the pool in an adaptive
way to yield its trial vector. JADE is an adaptive DE with
an optional external archive. In JADE, the “DE/current-to-
pbest/1” mutation operator exploits the information of multiple
best individuals in the population. Moreover, the optional
external archive utilizes the difference between the current
solutions and the recently explored inferior solutions to pro-
duce promising directions. JADE generates F and CR based
on their historical record of success.
III. COORDINATE SYSTEMS AND THEIR RELATED WORK
A. Coordinate Systems
In this section, we will introduce the original coordi-
nate system, the Eigen coordinate system, and the difference
between them.
1) Original Coordinate System: The original coordinate
system is a default coordinate system in most NIOAs. It is
formed by the columns of the unity matrix I, and thus is a
fixed coordinate system. The nature-inspired operators of PSO
and DE introduced in Section II are conducted in the original
coordinate system. By analyzing these operators, we find that
each of them can be described with the usage of three ele-
ments: the coefficients, the diagonal matrixes, and the vectors.
Therefore, we propose a new point of view toward how to
describe these operators in the original coordinate system
−→r O =
m∑
i=1
αi
−→y i +
n∑
i=1
Wi−→z i (14)
where −→r O denotes the resultant vector, m and n
are non-negative integers, αi is a coefficient, Wi =
diag(w1, w2, . . . , wD), w1, w2, . . . , wD are real numbers, and−→y i and −→z i mean two vectors in the original coordinate
system. (14) can be considered as a general form of the oper-
ators in PSO and DE. For example, if −→r O = −→v g+1i , m = 1,
αi = 1, −→y 1 = −→v gi , n = 3, W1 = c1R1, −→z 1 =
−−→
pbestgi ,
W2 = c2R2, −→z 2 = −−→gbestg, W3 = −(c1R1 + c2R2), and−→z 3 = −→x gi , then (14) is revised to
−→v g+1i = −→v gi +
[
c1R1
−−→
pbestgi + c2R2
−−→
gbestg
− (c1R1 + c2R2)−→x gi
]
= −→v gi + c1R1
(−−→
pbestgi − −→x gi
)
+ c2R2
(−−→
gbestg − −→x gi
)
.
(15)
Clearly, (15) is equivalent to (3) and both of them are
the velocity updating equation in PSO. Indeed, apart from
PSO and DE, (14) is also an effective way to describe the
operators in some other NIOA paradigms, such as cultural
algorithm [32], artificial bee colony algorithm [33], fireworks
algorithm [34], brain storm optimization algorithm [35], and
so on.
Note that the right-hand side of (14) involves two parts:∑m
i=1 αi
−→y i and ∑ni=1 Wi−→z i. Since the first part is a linear
operation of different vectors, it is irrelevant to the coordi-
nate system. In terms of the second part, Wi is a diagonal
matrix used for scaling −→z i within the original coordinate
system. Since the original coordinate system is a fixed coor-
dinate system, Wi can only optimize −→z i in the deterministic
directions, thus failing to identify the modality of different
function landscapes or even a single function landscape at
different optimization stages. As a result, the search process
guided by (14) may not be efficient.
Remark 1: Each operator in Section II can be rewritten
as (14). It can be found that the right-hand side of the velocity
updating equation in PSO [i.e., (3)] and the crossover operator
in DE [i.e., (12)] contains the second part (i.e., ∑ni=1 Wi−→z i),
which suggests that these two operators may fail to search
efficiently in the original coordinate system.
2) Eigen Coordinate System: In this paper, the Eigen coor-
dinate system is established by the columns of an orthogonal
matrix B, which comes from the Eigen decomposition of the
covariance matrix C
C = BD2BT (16)
where B is an orthogonal matrix, BT is the transposed matrix
of B, and D is a diagonal matrix. Each column of B is an
eigenvector of C, and each diagonal element of D is the square
root of an eigenvalue of C. The fundamental issue in (16)
is how to construct the covariance matrix C. In general, the
covariance matrix C is constructed and updated according to
the feedback information resulting from the search process.
Therefore, unlike the original coordinate system, the Eigen
coordinate system is dynamic throughout the search process,
with the aim of suiting the function landscape.
Next, we will discuss how to construct a nature-inspired
operator in the Eigen coordinate system. It contains three
steps. First, BT is applied to transform the vectors in the
original coordinate system into the Eigen coordinate system.
Subsequently, these vectors in the Eigen coordinate system are
combined with the coefficients and diagonal matrixes follow-
ing (14), and thus an offspring vector is obtained. Finally, this
offspring vector is transformed back into the original coordi-
nate system by making use of B, with the aim of evaluating
its fitness. Specifically, a nature-inspired operator in the Eigen
coordinate system can be described as
−→r E = B
(
m∑
i=1
αi
(
BT−→y i
) +
n∑
i=1
Wi
(
BT−→z i
))
=
m∑
i=1
αi
−→y i +
n∑
i=1
BWiBT−→z i (17)
where −→r E denotes the resultant vector. By comparing (17)
with (14), it can be seen that: if we replace Wi with BWiBT
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(a)
(b)
Fig. 2. PSO works in different coordinate systems. In this figure, the dashed
ellipses display the contours, −→x gi denotes the current position,
−−→
gbestg means
the entire swarm’s best position, and −→x g+1i is the new position which is
located in the blue area. (a) PSO in the original coordinate system (i.e., ox1x2).
(b) PSO in the Eigen coordinate system (i.e., ox′1x′2).
on the right-hand side of (14), then a nature-inspired opera-
tor in the original coordinate system is transformed into the
corresponding nature-inspired operator in the Eigen coordinate
system. Compared with Wi−→z i, in BWiBT−→z i, BT transforms−→z i into the Eigen coordinate system, then Wi scales BT−→z i
within the Eigen coordinate system, and finally B transforms
the vector WiBT−→z i back into the original coordinate system.
Remark 2: PSO’s velocity updating equation [i.e., (3)] and
DE’s crossover operator [i.e., (12)] in the Eigen coordinate
system can be expressed as (18) and (19), respectively
−→v g+1i = −→v gi + c1BR1BT
(−−→
pbestgi − −→x gi
)
+ c2BR2BT
(−−→
gbestg − −→x gi
)
(18)
−→u gi = −→x gi + BCrBT
(−→v gi − −→x gi
)
. (19)
3) Difference Between the Original Coordinate System and
the Eigen Coordinate System: Next, we will investigate
NIOAs’ search behaviors in the original and Eigen coordi-
nate systems. To make a clear explanation, we take the basic
PSO as an example. For simplicity, suppose that the velocity−→v gi of a particle is equal to
−→0 , c1 = c2 = 2, the position −→x gi
is just its historical best position −−→pbestgi , and the dimension of
the search space is equal to two. As a result, in the original
coordinate system, the new velocity −→v g+1i is updated as (20),
and then the new position −→x g+1i is renewed as (21)
−→v g+1i = −→v gi + c1R1
(−−→
pbestgi − −→x gi
)
+ c2R2
(−−→
gbestg − −→x gi
)
= −→0 + c1R1
(−→0
)
+ 2R2
(−−→
gbestg − −→x gi
)
= 2R2
(−−→
gbestg − −→x gi
)
(20)
−→x g+1i = −→x gi + −→v g+1i = −→x gi + 2R2
(−−→
gbestg − −→x gi
)
(21)
where R2 = diag(r2,1, r2,2), and r2,1 and r2,2 are two uni-
formly distributed random numbers between 0 and 1. By
replacing R2 with BR2BT in (21), the new position −→x g+1i
is generated in the Eigen coordinate system
−→x g+1i = −→x gi + 2BR2BT
(−−→
gbestg − −→x gi
)
. (22)
Fig. 2 shows the difference between PSO in the original coor-
dinate system [Fig. 2(a)] and in the Eigen coordinate system
[Fig. 2(b)] for an optimization problem with variable correla-
tion. The original coordinate system is fixed and denoted as
ox1x2. As pointed out, the Eigen coordinate system is dynam-
ically updated during the search process. Suppose that for this
example the Eigen coordinate system is ox′1x′2, which can suit
the contours well. In Fig. 1, −→x g+1i in the original coordinate
system and the Eigen coordinate system is generated as (23)
and (24), respectively
−→x g+1i = −→x gi + 2R2
(−−→
gbestg − −→x gi
)
= −→x gi + r2,1 ∗
−→
ab + r2,2 ∗ −→ad (23)
−→x g+1i = −→x gi + 2BR2BT
(−−→
gbestg − −→x gi
)
= −→x gi + r2,1 ∗
−→
ab′ + r2,2 ∗ −→ad ′. (24)
Since r2,1 and r2,2 are two uniformly distributed random num-
bers between 0 and 1, −→x g+1i generated in the original and
Eigen coordinate systems can be any point in the rectangular
areas abcd and ab′cd′, respectively. As shown in Fig. 2, abcd
does not contain the global optimal solution, while ab′cd′ con-
tains the global optimal solution and its neighborhood. This
phenomenon signifies that PSO may search more efficiently
in the Eigen coordinate system.
B. Related Work on the Eigen Coordinate System
In this paper, the related work on the Eigen coordinate
system are classified into two categories, according to the way
of conducting the nature-inspired operators.
In the first category, the nature-inspired operators are imple-
mented only in the Eigen coordinate system. In 2001, CMA-
ES [16] was proposed which samples the offspring population
according to
−→x g+1i = −→m g + σ gN
(−→0 , Cg
)
, i = 1, 2, . . . , λ
= −→m g + σ g(Cg)1/2N
(−→0 , I
)
, i = 1, 2, . . . , λ
= −→m g + σ gBgDg(Bg)TN
(−→0 , I
)
, i = 1, 2, . . . , λ
(25)
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where −→m g denotes the mean vector of the search distribu-
tion at generation g, σ g denotes the step size, Cg refers to a
covariance matrix, Bg is an orthogonal matrix, Dg is a diag-
onal matrix, N (−→0 , Cg) is a multivariate normal distribution
with zero mean and covariance matrix Cg, and N (−→0 , I) is a
multivariate normal distribution with zero mean and identity
covariance matrix I. By comparing (25) with (17), it can be
found that (25) is a special case of (17), which means that
the sampling operation of CMA-ES only occurs in the Eigen
coordinate system. In CMA-ES, this Eigen coordinate system
comes from the Eigen decomposition of the covariance matrix
Cg, and two strategies, namely the rank-μ-update strategy and
the rank-one-update strategy [36], are designed to adapt Cg.
In the rank-μ-update strategy, a weighted combination of the
μ best out of λ offspring is used to compute Cg+1μ , which is
an estimator of the distribution of the current population
Cg+1μ =
μ∑
i=1
wi
(−→x g+1i:λ − −→m g
)(−→x g+1i:λ − −→m g
)T
(26)
where wi is the ith weight coefficient, λ is the population
size, and −→x (g+1)i:λ means the ith best individual among the λ
offspring. Thereafter, the information from both the previous
and current generations are used to compute the covariance
matrix Cg+1
Cg+1 = (1 − cμ
)
Cg + cμ
(σ g)2
Cg+1μ (27)
where cμ is the learning rate for the rank-μ-update strategy.
In terms of the rank-one-update strategy, it exploits correlation
between consecutive generations and constructs an evolution
path to update the covariance matrix. Thus, its implementation
is much more complex than the rank-μ-update strategy. These
two strategies are combined together in CMA-ES to update the
covariance matrix. Since CMA-ES is able to detect the features
of the function landscape, it shows a significant superiority
over the ordinary ES. To further expand CMA-ES, an adap-
tive encoding mechanism called AECMA [37] is proposed. In
AECMA, a more general approach for covariance matrix adap-
tation is proposed, which can be applied to ES and estimation
of distribution algorithm [38]. Again, in AECMA, the evolu-
tionary operators are executed only in the Eigen coordinate
system.
In the second category, the nature-inspired operators are
considered in both the Eigen and original coordinate systems
at each generation of NIOAs. For instance, DE/eig [17] and
CoBiDE [18] implement the crossover operator of DE in both
the Eigen and original coordinate systems in a random manner.
As a result, similar to the classical DE, one trial vector is cre-
ated for one target vector. In DE/eig, all individuals from the
current generation are used to compute the covariance matrix
Cg+1 = 1
NP − 1
NP∑
i=1
⎛
⎝−→x gi −
1
NP
NP∑
j=1
−→x gj
⎞
⎠
×
⎛
⎝−→x gi −
1
NP
NP∑
j=1
−→x gj
⎞
⎠
T
(28)
where NP is the population size, and −→x gi and −→x gj mean the
ith and jth individuals, respectively. While in CoBiDE, the
NP′ best out of the individuals from the current population
are employed to update the covariance matrix
Cg+1 = 1
NP′ − 1
NP′∑
i=1
⎛
⎝−→x gi:NP −
1
NP′
NP′∑
j=1
−→x gj:NP
⎞
⎠
×
⎛
⎝−→x gi:NP −
1
NP′
NP′∑
j=1
−→x gj:NP
⎞
⎠
T
(29)
where NP′ = ps ∗ NP, ps ∈ [0, 1] is a user-defined parameter,
and −→x gi:NP and −→x gj:NP denote the ith and jth best individ-
uals, respectively. From (28) and (29), it can be seen that
only the current population distribution information is uti-
lized to compute the covariance matrix. Very recently, a novel
DE framework called CPI-DE [19] is proposed. In CPI-DE,
DE’s crossover operator is executed in both the Eigen and
original coordinate systems in a deterministic manner and,
consequently, two trial vectors are generated for each target
vector. Thereafter, the best one among the target vector and
its two trial vectors will survive into the next generation. The
covariance matrix in CPI-DE is estimated by the rank-NP-
update strategy, which can be regarded as an extension of
the rank-μ-update strategy in CMA-ES. This rank-NP-update
strategy contains two steps. In the first step, the NP best out
of 2 ∗ NP offspring (note that in CPI-DE, the offspring popu-
lation consists of 2∗NP trial vectors) are used to estimate the
current population distribution
Cg+1NP =
NP∑
i=1
wi
(−→x g+1i:2∗NP − −→m g
)(−→x g+1i:2∗NP − −→m g
)T
(30)
where wi is the ith weight coefficient and −→x g+1i:2∗NP repre-
sents the ith best individual in the offspring population. In
the second step, the population distribution information from
the current and historical generations are used to adapt the
covariance matrix
Cg+1 = (1 − cNP)Cg + cNP
(σ g)2
Cg+1NP (31)
where cNP is the learning rate and σ g is the step size. It is
claimed in CPI-DE [19] that there is no necessary to adapt the
step size for DE, since DE has a different search pattern with
ES. In fact, σ g is set to 1 in CPI-DE, which means that the
covariance matrix is of equal importance at each generation. It
is necessary to note that CPI-DE does not utilize the rank-one-
update strategy. The reason is that the rank-one-update strategy
plays a less important role when the population size is large,
and DE usually maintains a relatively large population com-
pared with ES. Besides, the rank-one-update strategy is much
more complex than the rank-μ-update strategy. Therefore, by
eliminating the rank-one-update strategy, the adaptation of the
covariance matrix in CPI-DE becomes simpler. There is an
agreement from the above three attempts: the usage of both
the Eigen and original coordinate systems at each generation
can reach better performance than the usage of one of them
during the whole search process.
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Our work in this paper falls into the second category.
Moreover, the Eigen and original coordinate systems are
adaptively tuned as the search process proceeds.
IV. PROPOSED APPROACH
A. ACoS
We continue the work on the coordinate systems and pro-
pose a novel framework named ACoS. The motivation of
ACoS comes from three aspects.
1) A large population can provide more information to
estimate the Eigen coordinate system, compared with a
small population. However, given the maximum number
of fitness evaluations (FEs), the increase of the popu-
lation size will lead to the decrease of the generation
number, which might cause incomplete convergence of
NIOAs. Consequently, it is necessary to design a mech-
anism to strike the balance between the accuracy of
estimation and the convergence performance.
2) As introduced in Section III-B, some researchers have
recognized the importance of combining the original
coordinate system with the Eigen coordinate system in
the design of NIOAs. However, the current methods
adjust these two coordinate systems in either a random
way or a deterministic way. How to exploit the feedback
information from the search process to adaptively tune
them has not yet been investigated.
3) The coordinate systems play a very important role in
the performance of many NIOAs. Note, however, that in
current studies the coordinate systems have been applied
to enhance the performance of few NIOA paradigms
(e.g., ES and DE). It is an interesting topic to boost
the research on the coordinate systems to other NIOA
paradigms.
ACoS aims at addressing the above three issues. In ACoS,
an additional archiving mechanism is designed to maintain the
offspring not only in the current generation but also in the past
several generations. Therefore, sufficient information can be
obtained to estimate an appropriate Eigen coordinate system
without adding the population size and reducing the genera-
tion number. As a result, ACoS achieves a balance between
the accuracy of estimation and the convergence performance.
Afterward, the Eigen and original coordinate systems are
selected in an adaptive way (rather than a random or determin-
istic way) according to a probability vector, which is updated
based on the collected information from the offspring. ACoS
can be readily applied to various NIOAs, and in this paper we
consider two of the most popular NIOA paradigms: 1) PSO
and 2) DE.
The general framework of ACoS has been given in
Algorithm 1. In Algorithm 1, rand denotes a uniformly
distributed random number on the interval [0, 1]. In the ini-
tialization process, the population P0 = {−→x 01,−→x 02, . . . ,−→x 0NP}
is randomly sampled from the search space, the archive A
is initialized to be empty, the covariance matrix C0 and the
orthogonal matrix B0 are set to be the unity matrix I, and the
probability vector −→p = (p1, p2, . . . , pNP) is initialized to be
Algorithm 1 Framework of ACoS
1: Initialize g = 0, P0 = {−→x 01,−→x 02, . . . ,−→x 0NP}, archive A =∅, and C0 = B0 = I;
2: Initialize the probability vector −→p = (p1, p2, . . . , pNP) =
(0.5, 0.5, . . . , 0.5);
3: while the termination criterion is not met do
4: for i = 1 to NP do
5: if rand ≤ pi then
6: Implement the nature-inspired operators in the
Eigen coordinate system to generate the ith off-
spring;
7: else
8: Implement the nature-inspired operators in the
original coordinate system to generate the ith
offspring;
9: end if
10: end for
11: Evaluate the offspring population;
12: Execute the selection operator of NIOAs to get Pg+1;
13: Update A, Cg+1, and Bg+1 based on Section IV-B;
14: Update −→p according to Section IV-C;
15: g = g + 1;
16: end while
−→p = (0.5, 0.5, . . . , 0.5). During the search process, to gener-
ate the ith offspring, the operators of NIOAs are implemented
in the Eigen and original coordinate systems with the proba-
bilities pi and (1 − pi), respectively. Afterward, the offspring
population is evaluated and the selection operator of NIOAs
is executed to obtain Pg+1. Subsequently, A, Cg+1, and Bg+1
are updated according to Section IV-B. Finally, −→p is renewed
according to Section IV-C.
Obviously, ACoS is different from the canonical NIOAs due
to the simultaneous use and adaptive tuning of the Eigen and
original coordinate systems. Next, we will introduce two core
components of ACoS: 1) the updating of the Eigen coordinate
system and 2) the updating of −→p .
B. Updating of the Eigen Coordinate System
The Eigen coordinate system is updated by making use
of an additional archiving mechanism and the rank-μ-update
strategy [36].
The additional archiving mechanism adopts an external
archive A to store the offspring in both the current generation
and the past several generations. It is because the search area
may not change dramatically in the continuous several gen-
erations of NIOAs, and thus the offspring in the past several
generations, other than the offspring in the current generation,
can also provide important information to estimate an appro-
priate Eigen coordinate system. Actually, the implementation
of this additional archiving mechanism is very simple. First, A
is initialized to be an empty set. Then at each generation, the
newly generated offspring are added into A. If the archive size
(called AS) exceeds a certain threshold, say 3∗NP in this paper,
then the earlier offspring in A will be removed based on the
“first-in-first-out” rule to keep the archive size at 3∗NP. Note
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that unlike the main population Pg, A does not undergo any
nature-inspired operators. Therefore, this additional archiving
mechanism can obtain sufficient information to estimate the
Eigen coordinate system while never affecting the population
size and the generation number.
Subsequently, the rank-μ-update strategy extracts the popu-
lation distribution information from A. The previous research
has demonstrated that the rank-μ-update strategy is an efficient
technique to adapt the covariance matrix [36]. In this paper,
the size of A is larger than that of Pg. Therefore, the rank-
μ-update can benefit from this relatively larger size to get a
reliable estimator of the covariance matrix. Before executing
the rank-μ-update strategy, we need to initialize the mean vec-
tor of the search distribution −→m g in (26) and the covariance
matrix Cg. In this paper, −→m 0 is set to be a randomly generated
point in the search space and C0 is set to be the unity matrix
I. Then, at generation g + 1, −→m g+1 is updated according to
−→m g+1 =
μ∑
i=1
ωi
−→a i:AS (32)
where μ = AS/2 is the number of the selected solutions,−→a i:AS denotes the ith best solution out of A [i.e., f (−→a 1:AS) ≤
f (−→a 2:AS) ≤ · · · ≤ f (−→a μ:AS)], and ωi refers to the ith weight
coefficient computed as
ωi = ln(μ + 0.5) − ln i
μ ln(μ + 0.5) − ∑μj=1 ln i
, i = 1, 2, . . . , μ. (33)
It can be found that the increase of i will lead to the
decrease of ωi, which implies the better individual will play an
more important role in the updating of the −→m g+1. Afterward,
an estimator of the current population distribution Cg+1μ is
obtained by
Cg+1μ =
μ∑
i=1
ωi
(−→a i:AS − −→m g
)(−→a i:AS − −→m g
)T
. (34)
Finally, the covariance matrix Cg+1 is updated by making use
of the cumulative population distribution information
Cg+1 = (1 − cμ)Cg + cμCg+1μ (35)
where cμ ≈ (1/3)μeff/D2 denotes the learning rate, μeff =
(
∑μ
i=1 ω2i )−1 is the variance effective selection mass, and D
is the dimension of the search space.
After Cg+1 is obtained, an Eigen decomposition is per-
formed on Cg+1 according to (16) to produce the orthogonal
matrix Bg+1, the columns of which form the Eigen coordinate
system.
C. Updating of the Probability Vector −→p
The probability vector −→p = (p1, p2, . . . , pNP) determines
the selection ratio of each coordinate system for each individ-
ual. To be specific, for the ith (i ∈ {1, . . . , NP}) individual,
ACoS implements the nature-inspired operators in the Eigen
and original coordinate systems with the probabilities pi and
(1−pi), respectively. Since there is no priori knowledge about
the characteristics of the function landscapes, the Eigen and
original coordinate systems are considered to be of equal
Algorithm 2 Updating of the Probability Vector −→p
1: switch (the case of the collected information from the
offspring)
2: case Eigen coordinate system is better:
3: pi ← pi + r(pi);
4: case Eigen coordinate system is worse:
5: pi ← pi − η ∗ r(pi);
6: case original coordinate system is better:
7: pi ← pi − r(1 − pi);
8: case original coordinate system is worse:
9: pi ← pi + η ∗ r(1 − pi);
10: end switch
importance at the beginning of search process, i.e., −→p =
(0.5, 0.5, . . . , 0.5). Then, −→p is adaptively updated according
to the collected information derived from the offspring.
In this paper, we collect the information including which
coordinate system is used to generate the offspring and how
about the quality of the generated offspring. It is easy to iden-
tify which coordinate system is used to produce the offspring.
However, how to measure the quality of the offspring is usually
dependent on a specific NIOA. For PSO, if a particle’s new
position is better than its personal historical best position, then
the offspring performs better, otherwise, it performs worse. In
terms of DE, if the trial vector outperforms its corresponding
target vector, then the offspring performs better; otherwise, it
performs worse. Without loss of generality, the collected infor-
mation derived from the offspring can be categorized into four
cases.
1) Eigen Coordinate System Is Better: The Eigen coordi-
nate system is used to generate the offspring and the
offspring performs better.
2) Eigen Coordinate System Is Worse: The Eigen coordi-
nate system is used to generate the offspring but the
offspring performs worse.
3) Original Coordinate System Is Better: The original coor-
dinate system is used to generate the offspring and the
offspring performs better.
4) Original Coordinate System Is Worse: The original coor-
dinate system is used to generate the offspring but the
offspring performs worse.
These four cases have been considered fully in Algorithm 2
to adaptively update −→p . The main principle behind
Algorithm 2 is the “use it or lose it” rule: if one coordi-
nate system is used to generate the offspring and the offspring
performs better, the selection ratio for this coordinate system
will increase; otherwise, the selection ratio for this coordinate
system will decrease. More specifically, for the ith individual.
1) In the case of Eigen coordinate system is better, a reward
r(pi) is added to pi. r(·) denotes a reward function
defined as r(x) = ε(1−x)e−2x, x ∈ [0, 1]. In this reward
function, ε = 0.05 is a constriction factor to clamp the
reward value into [0, 0.05], and (1−x)e−2x is a concave
function whose value decreases from 1 to 0 when the
variable x increases from 0 to 1. As a result, a larger
pi will receive a smaller r(pi). It is reasonable since a
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larger pi means that the Eigen coordinate system already
has more potential to be chosen, and a smaller reward
would restrain the dramatic increasing of pi and adapt
pi to a proper value in a more robust way.
2) In the case of Eigen coordinate system is worse, a pun-
ishment η ∗ r(pi) is added to pi. In η ∗ r(pi), η = 0.1 is
a punishment coefficient. Therefore, η ∗ r(pi) is smaller
than r(pi), which implies that the case Eigen coordinate
system is worse has less influence on pi than the case
Eigen coordinate system is better at one time. The reason
is the following. An NIOA usually is a trial-and-error
method and the case Eigen coordinate system is worse
is more likely to happen compared with the case Eigen
coordinate system is better. Therefore, the more likely
occurred case (i.e., Eigen coordinate system is worse)
should have less influence on pi than the less likely
occurred case (i.e., Eigen coordinate system is better)
at one time, due to the fact that these two cases’ whole
effects on pi should be similar.
3) In the case of original coordinate system is better, the
selection ratio of the original coordinate system will
increase and, therefore, pi will decrease. The reduced
value is equal to r(1 − pi).
4) In the case of original coordinate system is worse, the
selection ratio of the original coordinate system will
decrease and pi thus will increase. The increased value
is equal to η ∗ r(1 − pi).
It is clear that in the above four cases, pi is updated in different
ways. By making use of −→p , NIOAs can dynamically select
an appropriate coordinate system from the original coordinate
system and the Eigen coordinate system for each individual
across the search process.
D. Applying ACoS to PSO and DE
ACoS has a simple structure and can be easily applied to
various NIOAs. For a specific NIOA, if it is under the frame-
work of ACoS, it will dynamically select one of the Eigen and
original coordinate systems according to −→p to generate the
offspring. Since the updating of the Eigen coordinate system
and −→p has been introduced previously, when implementing a
specific NIOA under the framework of ACoS, we only need to
consider how to generate the offspring in different coordinate
systems and how to use the selection operator. In this paper,
we apply ACoS to two of the most popular NIOA paradigms,
namely PSO and DE.
For PSO, the offspring are generated via the velocity updat-
ing equation and the position updating equation. These two
equations in the original coordinate system have been given
in (3) and (4), respectively. According to Section III, (4) is
irrelevant to the coordinate systems. With respect to (3), it
depends on the coordinate systems and its implementation in
the Eigen coordinate system has been given in (18). It is nec-
essary to note that PSO does not employ the selection operator
and, therefore, the selection operator in step 12 of Algorithm 1
can be eliminated.
For DE, the offspring are produced through the mutation
and crossover operators. These two operators in the original
coordinate system have been given in (7)–(11), respectively.
In fact, the mutation operator is independent of the coordinate
systems, while the crossover operator relies on the coordinate
systems, the implementation of which in the Eigen coordi-
nate system has been given in (19). In addition, the selection
operator of ACoS is the same with that of the original DE.
E. Difference Between ACoS and Other Methods
Next, we compare ACoS with other related work introduced
in Section III-B. Compared with CMA-ES which samples all
the individuals in the Eigen coordinate system, ACoS has some
advantages listed as follows.
1) It makes use of both the Eigen and original coordinate
systems. The Eigen coordinate system enables NIOAs
to identify the modality of the fitness landscape and
enhance the search efficiency, while the original coordi-
nate system can maintain the superiority of the original
NIOAs.
2) The updating of the Eigen coordinate system in ACoS
is simpler. ACoS eliminates the much more complex
rank-one-update strategy and only adopts the rank-μ-
update strategy to estimate the Eigen coordinate system.
In addition, an additional archiving mechanism with neg-
ligible computational cost is designed to improve the
estimation accuracy.
3) ACoS can be readily applied to many other NIOAs.
This can be attributed to the fact that the step-size con-
trol, which plays a very important role in CMA-ES, can
be ignored in many other NIOAs due to their different
search patterns with CMA-ES.
Compared with DE/eig, CoBiDE, and CPI-DE which focus
on enhancing DE’s performance, ACoS has the following
advantages.
1) ACoS is designed to improve the performance of not
only DE but also many other NIOAs.
2) To update the Eigen coordinate system, DE/eig and
CoBiDE only utilize the current population distribution
information, therefore the established Eigen coordi-
nate system might be inappropriate due to insufficient
information. In CPI-DE and ACoS, the cumulative pop-
ulation distribution information is used to update the
Eigen coordinate system. Note, however, that ACoS
employs an additional archiving mechanism which can
obtain more sufficient information while having no
influence on the population size and the generation
number.
3) Although both the Eigen and original coordinate systems
are utilized in DE/eig, CoBiDE, CPI-DE, and ACoS,
DE/eig and CoBiDE adjust these two coordinate systems
in a random manner which ignores the feedback infor-
mation from the search process and, therefore, is not
well suited for different kinds of fitness landscapes. In
addition, CPI-DE generates two offspring for each tar-
get vector, one in the Eigen coordinate system and the
other in the original coordinate system, which inevitably
spends more FEs at each generation. In contrast, ACoS
adapts these two coordinate systems in an adaptive way
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(a) (b) (c)
Fig. 3. Contours of three ellipsoidal functions, the trial vectors (marked as red asterisks) of ACoS-DE/rand/1/bin, and the Eigen coordinate systems (denoted
as o′x′1x′2) after 15 generations. (a) Nonrotated ellipsoidal function. (b) Rotated ellipsoidal function (rotate 45◦). (c) Rotated ellipsoidal function (rotate -45◦).
as the search process proceeds, thus exploiting the feed-
back information and producing only one offspring for
each target vector simultaneously.
V. EXPERIMENTAL STUDY
In this section, our experiments were conducted on 30 test
functions with 30D and 50D at IEEE CEC2014. These 30 test
functions are denoted as cf 1−cf 30, and their details can be
available from [20]. In general, these 30 test functions can
be grouped into four classes: 1) unimodal functions cf 1–cf 3;
2) simple multimodal functions cf 4–cf 16; 3) hybrid functions
cf 17–cf 22; and 4) composition functions cf 23–cf 30.
In our experiments, we performed 51 independent runs for
each algorithm on each test function. All the experiments
were implemented on a PC with Intel Core i5-4590 CPU @
3.30 GHz and 64-bit Windows 10 operating system. A run will
terminate if the maximum number of FEs is reached, which
was recommended to be 10 000 ∗ D [20]. At the end of a run,
the function error value (f (−→x best) − f (−→x ∗)) was recorded,
where −→x ∗ is the optimal solution and −→x best denotes the best
solution found. If the function error value is less than 10−8,
it was taken as zero. The average and standard deviation of
the function error values in all runs (denoted as “mean error”
and “std dev”) were used to measure the performance of an
algorithm. Besides, to test the statistical significance of the
experimental results between two algorithms, the Wilcoxon’s
rank sum test at a 0.05 significance level was performed.
For the sake of convenience, if a specific NIOA is under the
framework of ACoS, the name of this NIOA will be modified
by adding four letters “ACoS-.” For example, PSO-w under
our framework is named as ACoS-PSO-w.
A. Principle Analysis
First, we intend to verify whether ACoS can detect the
modality of a function or not. To answer this question, we
took ACoS-DE/rand/1/bin as an example, and tested it on three
ellipsoidal functions with two dimensions. Among these three
ellipsoidal functions, one is nonrotated problem and the other
two are rotated problems which rotate 45◦ and −45◦, respec-
tively. Therefore, these three ellipsoidal functions can provide
different function landscapes for testing. For the parameters
(a) (b)
Fig. 4. Evolution of the average function error values derived from two
popular PSO versions (PSO-w and PSO-cf) and their augmented algorithms
versus the number of FEs on (a) cf 1 with 30D and (b) cf 18 with 30D.
of ACoS-DE/rand/1/bin, the population size was set to 100,
F was set to 0.9, and CR was set to 0.5. Afterward, we run
ACoS-DE/rand/1/bin with 15 generations and calculated the
orthogonal matrix B via the Eigen decomposition in (16).
Fig. 3 depicts the contours of these three ellipsoidal functions,
the trial vectors (marked as red asterisks), and the Eigen coor-
dinate systems (denoted as o′x′1x′2) obtained by making use of
B at the 15th generation.
From Fig. 3, we can observe that the coordinate axes of
the Eigen coordinate system rotate about 0◦, 45◦, and −45◦
compared with the coordinate axes of the original coordinate
system for nonrotated ellipsoidal function, rotated ellipsoidal
function with 45◦, and rotated ellipsoidal function with −45◦,
respectively. This phenomenon indicates that the Eigen coor-
dinate system in ACoS can be adapted to suit different fitness
landscapes. As for the generated trial vectors, they spread out
along the valleys, and their distributions are in accordance
with the three different function landscapes. Therefore, it can
be concluded that ACoS has the capability to identify the
modality of a function at hand.
B. ACoS for Two Popular PSO Variants
Subsequently, we applied ACoS to two of the most popu-
lar PSO variants: 1) PSO-w and 2) PSO-cf, which have been
introduced in Section II-A. The resultant methods are denoted
as ACoS-PSO-w and ACoS-PSO-cf, respectively.
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The population size of these two PSO variants and their aug-
mented algorithms was set to be 40 and 60 when the dimension
of the search space was equal to 30 and 50, respectively. The
experimental results on cf 1–cf 30 with 30D and 50D are given
in Tables S-I and S-II in the supplementary material, where +,
−, and ≈ denote that PSO-w or PSO-cf performs better than,
worse than, and similar to its augmented algorithm, respec-
tively. The last three rows of Tables S-I and S-II summarize
the experimental results.
Important observations can be obtained from
Tables S-I and S-II:
1) In the case of D = 30, ACoS-PSO-w, and ACoS-
PSO-cf have an edge over their original algorithms on
27 and 24 test functions, respectively. With respect to
D = 50, both ACoS-PSO-w and ACoS-PSO-cf achieve
better performance than their original algorithms on 26
test functions. However, PSO-w and PSO-cf cannot sur-
pass their augmented algorithms on more than three test
functions when D = 30 and D = 50.
2) ACoS-PSO-w and ACoS-PSO-cf are never inferior to
their original algorithms on any unimodal functions,
hybrid functions, and composition functions, regardless
of the number of the decision variables.
3) ACoS is able to achieve great performance improvement
toward PSO-w and PSO-cf on all the unimodal functions
(i.e., cf 1−cf 3), five simple modal functions (i.e., cf 4,
cf 7, and cf 13−cf 15), four hybrid functions (i.e., cf 17,
cf 18, cf 20, and cf 21), and two composition functions
(i.e., cf 29 and cf 30). Moreover, ACoS offers the optimal
solutions for three cases in all runs, which have been
highlighted in boldface in Tables S-I and S-II.
4) It seems that the increase of the dimension (i.e., from
D = 30 to D = 50) does not have a remark-
able influence on the performance improvement of our
framework.
From the above observations, our framework significantly
improves the performance of these two popular PSO variants,
which indicates that: 1) there is a necessity to consider both
the Eigen and original coordinate systems in the design of
PSO variants and 2) the adaptive scheme in ACoS is capable
of effectively utilizing these two coordinate systems. The con-
vergence graphs of the average function error values derived
from these two PSO variants and their augmented algorithms
are plotted in Fig. 4 for two test functions (i.e., cf 1 with 30D
and cf 18 with 30D).
C. ACoS for Three State-of-the-Art DE Variants
Thereafter, we investigated the influence of ACoS on three
famous DE variants: 1) JADE; 2) jDE; and 3) SaDE, which
have been introduced in Section II-B. To ensure the compari-
son fair, the parameter settings of JADE, jDE, and SaDE were
identical with their original papers, and remained unchanged
when they were under the framework of ACoS. Tables S-III
and S-IV in the supplementary material show the compar-
ison results on cf 1–cf 30 with 30D and 50D, where +, −,
and ≈ denote that a state-of-the-art DE variant performs bet-
ter than, worse than, and similar to its augmented algorithm,
(a) (b)
Fig. 5. Evolution of the average function error values derived from three state-
of-the-art DE variants (JADE, jDE, and SaDE) and their augmented algorithms
versus the number of FEs on (a) cf 1 with 30D and (b) cf 20 with 30D.
respectively. The last three rows of Tables S-III and S-IV
summarize the experimental results.
As can be seen from Tables S-III and S-IV, ACoS signifi-
cantly improves JADE, jDE, and SaDE on many test functions.
Specifically, compared with their original algorithms, when
D = 30, ACoS-JADE, ACoS-jDE, and ACoS-SaDE obtain
significance on 17, 13, and 21 test functions, respectively;
meanwhile in the case of D = 50, they outperform on 12,
14, and 23 test functions, respectively. In contrast, JADE,
jDE, and SaDE cannot beat their augmented algorithms on
more than four test functions. Besides, under our frame-
work, these three state-of-the-art DE variants can consistently
solve 13 cases, which have been highlighted in boldface in
Tables S-III and S-IV. Moreover, the superiority of ACoS-jDE
and ACoS-SaDE over their original algorithms increases as the
dimension of the search space increases (i.e., from D = 30 to
D = 50).
The above comparison demonstrates that ACoS can effec-
tively improve the performance of these three state-of-the-art
DE variants, which verifies the necessity to consider both the
Eigen and original coordinate systems in an adaptive fash-
ion when designing DE variants. Two convergence graphs
are given in Fig. 5 for the performance comparison between
these three state-of-the-art DE variants and their augmented
algorithms.
D. Comparison Between ACoS and Other Eigen Coordinate
System-Based Methods
The aim of this section is to compare ACoS with other Eigen
coordinate system-based methods: CMA-ES, CoBiDE, DE/eig,
and CPI-DE, which have been introduced in Section III-B.
Due to its outstanding performance, JADE was selected as the
instance algorithm. It should be noted that the updating of the
Eigen coordinate system in CMA-ES is particularly designed for
ES and cannot be used to JADE. With respect to ACoS, CoBiDE,
DE/eig, and CPI-DE, we applied them to JADE and obtained
ACoS-JADE, CoJADE, JADE/eig, and CPI-JADE, respectively.
For a fair comparison, ACoS-JADE, CoJADE, JADE/eig, and
CPI-JADE adopted the same parameter settings of F, CR, and
NP with the original JADE, while the other parameter settings
were identical with their own original papers. cf 1–cf 30 with
30D were employed in the comparative study, and Table S-V
in the supplementary material summarizes the experimental
results, where +, −, and ≈ denote that the performance of the
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corresponding algorithm is better than, worse than, and similar
to that of ACoS-JADE, respectively.
As shown in Table S-V, ACoS-JADE exhibits the best
performance among the five compared methods. It outper-
forms CMA-ES, CoJADE, JADE/eig, and CPI-JADE on 22,
14, 16, and 10 test functions, respectively; while only loses
on no more than two test functions. It is worth noting that
ACoS-JADE is never inferior to the four competitors on any
unimodal functions, hybrid functions, and composition func-
tions. Compared with CoJADE and JADE/eig, CPI-JADE,
and ACoS-JADE reach better performance, which demon-
strates the potential of utilizing the cumulative population
distribution information rather than the single population
distribution information to estimate the Eigen coordinate
system. Compared with CPI-JADE, ACoS-JADE’s superior
performance is largely attributed to the usage of the additional
archiving mechanism and the probability vector −→p .
E. Benefit of ACoS’s Components
We are interested in identifying the benefit of two crucial
components of ACoS: 1) the additional archiving mechanism
and 2) the probability vector −→p . To this end, we still selected
JADE as the instance algorithm and two groups of experiments
were carried out. In the first group, the archiving mechanism
was eliminated and the offspring in the current generation
played the role of the archive A in ACoS accordingly, while
the other parts were kept untouched. This compared method
is denoted as nonAr-ACoS-JADE. With respect to the second
group, instead of adaptive tuning, −→p was fixed during the
evolution. We tested three different values for each element of−→p : 0, 0.5, and 1. These three values represent different con-
ditions, i.e., only the original coordinate system is used, the
Eigen and original coordinate systems have an equal proba-
bility to be selected, and only the Eigen coordinate system
is utilized, respectively. It is evident that the first condition
is equivalent to the original JADE. These compared methods
are named as JADE, half-ACoS-JADE, and Eig-ACoS-JADE,
respectively.
We conducted the experiments on cf 1–cf 30 with 30D.
Experimental results are presented in Table S-VI in the
supplementary material, where +, −, and ≈ denote that the
performance of the corresponding algorithm is better than,
worse than, and similar to that of ACoS-JADE, respectively.
From Table S-VI, ACoS-JADE performs the best among the
five compared methods. Compared with nonAr-ACoS-JADE,
ACoS-JADE is significantly better on 11 test functions and
does not lose on any test functions. Although ACoS-JADE and
nonAr-ACoS-JADE achieve comparable performance on the
unimodal functions, ACoS-JADE outperforms nonAr-ACoS-
JADE on more complex functions (i.e., simple multimodal
functions, hybrid functions, and composition functions). The
reason is probably that the additional archiving mechanism
preserves the offspring not only in the current generation but
also in the past several generations, thus providing sufficient
information to estimate a more reliable Eigen coordinate
system in complex environments. Compared with JADE, half-
ACoS-JADE, and Eig-ACoS-JADE, ACoS-JADE produces
better results on 13, 11, and 21 test functions, respectively;
while the three competitors cannot outperform ACoS-JADE
on more than three test functions. This phenomenon suggests
that the updating of −→p in our framework has the capability
to provide a more proper coordinate system. It is noteworthy
that ACoS-JADE and half-ACoS-JADE have an advantage
over JADE and Eig-ACoS-JADE, which again verifies the
effectiveness of combining both the Eigen and original
coordinate systems together.
From the above discussion, one can conclude that both the
additional archiving mechanism and the probability vector −→p
play very important roles in ACoS. The former is beneficial
to estimate a more reliable Eigen coordinate system, and the
latter enables each individual to select a more appropriate coor-
dinate system. In addition, the utilization of both the Eigen and
original coordinate systems is quite necessary in the design of
an NIOA.
F. Evolution of the Probability Vector −→p in ACoS
Since the probability vector −→p = (p1, p2, . . . , pNP) deter-
mines the selection ratio of each coordinate system for each
individual, one may be interested in investigating the dynamic
changes of −→p over the course of search. For this purpose,
the mean value of −→p , referred as pm = (1/NP)∑NPi=1 pi, is
monitored in this section.
We still chose JADE as the instance algorithm and tested
ACoS-JADE on three test functions with 30D from IEEE
CEC2014: 1) the unimodal function cf 1; 2) the simple
multimodal function cf 10; and 3) the composite function cf 23.
These three different kinds of test functions aim to provide a
comprehensive study on the changes of −→p . To visualize the
results, Fig. 6 plots the evolution of the average values of pm
and (1 − pm) over 51 independent runs.
As shown in Fig. 6, there are three different types of curves.
In the first type [see Fig. 6(a)], the Eigen coordinate system
has a larger probability to be selected than the original coordi-
nate system. Nevertheless, in the second type [see Fig. 6(b)],
the situation is opposite. For the third type [see Fig. 6(c)],
these two coordinate systems have the similar probability to be
chosen over the course of search process. It can be seen from
Table S-VI in the supplementary material that Eig-ACoS-JADE
outperforms JADE on cf 1, JADE surpasses Eig-ACoS-JADE
on cf 10, and Eig-ACoS-JADE and JADE reach the similar
performance on cf 23, which implies that the Eigen coordi-
nate system is more appropriate for cf 1, the original coordinate
system is a better choice for cf 10, and these two coordinate
systems are both important for cf 23, respectively. Interestingly,
the changes of pm and (1 − pm) in Fig. 6 are consistent with
the above analysis, which indicates that ACoS is able to adapt−→p to a reasonable value to match different function land-
scapes. In summary, the following concludes can be made: 1)
there does not exist a one-size-fits-all coordinate system and 2)
our proposed framework can effectively select the appropriate
coordinate system for different optimization problems.
G. Applying ACoS to Other NIOAs
Apart from PSO and DE, we applied ACoS to two other
well-known NIOAs: 1) BA [7] and 2) TLBO [15] to validate
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(a) (b) (c)
Fig. 6. Evolution of the average values of pm and (1 − pm) in ACoS-JADE during the optimization of (a) cf 1 with 30D, (b) cf 10 with 30D, and (c) cf 23
with 30D.
the generalization of ACoS. According to Sections III and IV,
ACoS can be easily applied to BA and TLBO. The compar-
ative experiments were conducted on cf 1−cf 30 with 30D. To
make a fair comparison, the parameter settings of BA and
TLBO were identical with their original papers, and kept
the same when they were under the framework of ACoS.
Table S-VII in the supplementary material provides the exper-
imental results, where +, −, and ≈ denote that BA or TLBO
performs better than, worse than, and similar to its augmented
algorithm, respectively. The last three rows of Table S-IX
summarize the experimental results.
From Table S-VII, it is obvious that ACoS has the capa-
bility to enhance the performance of both BA and TLBO on
a vast majority of test functions. To be specific, ACoS-BA
and ACoS-TLBO outperform their original algorithms on 19
and 25 test functions, respectively. In contrast, BA and TLBO
cannot beat their augmented algorithms on any test functions.
Hence, we can conclude that ACoS is also an effective frame-
work to improve the performance of these two NIOAs (i.e.,
BA and TLBO).
Remark 3: In Sections S-I and S-II in the supplementary
material, we also analyzed the effect of the parameter settings
and the computational time complexity of ACoS, respectively.
VI. CONCLUSION
An adaptive framework for tuning the coordinate systems in
NIOAs, referred as ACoS, was proposed in this paper. ACoS
provided a simple yet efficient approach to establish the Eigen
coordinate system via an additional archiving mechanism and
the rank-μ-update strategy. Thereafter, it adopted a probabil-
ity vector, which was adaptively updated by making use of the
collected information from the offspring, to select an appropri-
ate coordinate system from the Eigen and original coordinate
systems for each individual. This paper also presented a new
point of view toward how to transform a nature-inspired oper-
ator in the original coordinate system into the corresponding
nature-inspired operator in the Eigen coordinate system. We
applied ACoS to two of the most popular NIOA paradigms,
namely PSO and DE, for solving 30 test functions with 30D
and 50D from IEEE CEC2014. Simulation results demon-
strated that ACoS is capable of significantly enhancing the
performance of both PSO and DE. Compared with some
other Eigen coordinate system-based methods, ACoS exhib-
ited superior performance. We verified the importance of both
the Eigen and original coordinate systems in the design of
an NIOA, and the effectiveness of the adaptive tuning of
them in ACoS. In addition, ACoS was also applied to two
other well-known NIOAs (i.e., BA and TLBO) and achieved
improved performance. In the future, we will apply ACoS to
some multimethod NIOAs [39], [40].
The MATLAB source code of ACoS can be downloaded
from Y. Wang’s homepage: http://www.escience.cn/people/
yongwang1/index.html
REFERENCES
[1] J. H. Holland, Adaptation in Natural and Artificial Systems: An
Introductory Analysis With Applications to Biology, Control, and
Artificial Intelligence. Cambridge, MA, USA: MIT Press, 1992.
[2] L. J. Fogel and A. J. Owens, Artificial Intelligence Through Simulated
Evolution. London, U.K.: Wiley, 1966.
[3] I. Rechenberg, “Evolutionsstrategien,” in Simulationsmethoden in
der Medizin und Biologie. Heidelberg, Germany: Springer, 1978,
pp. 83–114.
[4] J. R. Koza, Genetic Programming: On the Programming of Computers
by Means of Natural Selection. Cambridge, MA, USA: MIT Press, 1992.
[5] R. Storn and K. Price, “Differential evolution—A simple and effi-
cient heuristic for global optimization over continuous spaces,” J. Glob.
Optim., vol. 11, no. 4, pp. 341–359, 1997.
[6] J. Kennedy and R. Eberhart, “Particle swarm optimization,” in Proc.
IEEE Int. Conf. Neural Netw., 1995, pp. 1942–1948.
[7] X.-S. Yang, “A new metaheuristic bat-inspired algorithm,” in Nature
Inspired Cooperative Strategies for Optimization (NICSO 2010).
Heidelberg, Germany: Springer, 2010, pp. 65–74.
[8] R. V. Rao, V. J. Savsani, and D. P. Vakharia, “Teaching–learning-
based optimization: A novel method for constrained mechanical
design optimization problems,” Comput.-Aided Design, vol. 43, no. 3,
pp. 303–315, 2011.
[9] R. Rao, “Jaya: A simple and new optimization algorithm for solving
constrained and unconstrained optimization problems,” Int. J. Ind. Eng.
Comput., vol. 7, no. 1, pp. 19–34, 2016.
[10] Y. Wang, H. Liu, H. Long, Z. Zhang, and S. Yang, “Differential evolu-
tion with a new encoding mechanism for optimizing wind farm layout,”
IEEE Trans. Ind. Informat., vol. 14, no. 3, pp. 1040–1054, Mar. 2018,
doi: 10.1109/TII.2017.2743761.
[11] Y. Wang, B. Xu, G. Sun, and S. Yang, “A two-phase differential evo-
lution for uniform designs in constrained experimental domains,” IEEE
Trans. Evol. Comput., vol. 21, no. 5, pp. 665–680, Oct. 2017.
[12] R. Shang, K. Dai, L. Jiao, and R. Stolkin, “Improved memetic algo-
rithm based on route distance grouping for multiobjective large scale
capacitated arc routing problems,” IEEE Trans. Cybern., vol. 46, no. 4,
pp. 1000–1013, Apr. 2016.
[13] B. Xue, M. Zhang, and W. N. Browne, “Particle swarm optimization
for feature selection in classification: A multi-objective approach,” IEEE
Trans. Cybern., vol. 43, no. 6, pp. 1656–1671, Dec. 2013.
[14] L. Shao, R. Yan, X. Li, and Y. Liu, “From heuristic optimization
to dictionary learning: A review and comprehensive comparison of
image denoising algorithms,” IEEE Trans. Cybern., vol. 44, no. 7,
pp. 1001–1013, Jul. 2014.
This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination.
14 IEEE TRANSACTIONS ON CYBERNETICS
[15] L. Liu, L. Shao, X. Li, and K. Lu, “Learning spatio-temporal represen-
tations for action recognition: A genetic programming approach,” IEEE
Trans. Cybern., vol. 46, no. 1, pp. 158–170, Jan. 2016.
[16] N. Hansen and A. Ostermeier, “Completely derandomized self-
adaptation in evolution strategies,” Evol. Comput., vol. 9, no. 2,
pp. 159–195, 2001.
[17] S.-M. Guo and C.-C. Yang, “Enhancing differential evolution utiliz-
ing eigenvector-based crossover operator,” IEEE Trans. Evol. Comput.,
vol. 19, no. 1, pp. 31–49, Feb. 2015.
[18] Y. Wang, H.-X. Li, T. Huang, and L. Li, “Differential evolution based on
covariance matrix learning and bimodal distribution parameter setting,”
Appl. Soft Comput., vol. 18, pp. 232–247, May 2014.
[19] Y. Wang, Z.-Z. Liu, J. Li, H.-X. Li, and G. G. Yen, “Utilizing cumulative
population distribution information in differential evolution,” Appl. Soft
Comput., vol. 48, pp. 329–346, Nov. 2016.
[20] J. J. Liang, B.-Y. Qu, and P. N. Suganthan, “Problem definitions and
evaluation criteria for the CEC 2014 special session and competition on
single objective real-parameter numerical optimization,” Comput. Intell.
Lab., Zhengzhou Univ., Zhengzhou, China and Nanyang Technol. Univ.,
Singapore, Rep. 201311, 2013.
[21] Y. Wang et al., “Incorporating PLS model information into par-
ticle swarm optimization for descriptor selection in QSAR/QSPR,”
J. Chemometrics, vol. 29, no. 12, pp. 627–636, 2015.
[22] Y.-J. Gong et al., “Genetic learning particle swarm optimization,”
IEEE Trans. Cybern., vol. 46, no. 10, pp. 2277–2290,
Oct. 2016.
[23] S. M. Elsayed, R. A. Sarker, and E. Mezura-Montes, “Self-adaptive mix
of particle swarm methodologies for constrained optimization,” Inf. Sci.,
vol. 277, pp. 216–233, Sep. 2014.
[24] Y. Shi and R. Eberhart, “A modified particle swarm optimizer,” in Proc.
IEEE Congr. Evol. Comput., 1998, pp. 69–73.
[25] M. Clerc and J. Kennedy, “The particle swarm—Explosion, stability,
and convergence in a multidimensional complex space,” IEEE Trans.
Evol. Comput., vol. 6, no. 1, pp. 58–73, Feb. 2002.
[26] S. Das and P. N. Suganthan, “Differential evolution: A survey of the
state-of-the-art,” IEEE Trans. Evol. Comput., vol. 15, no. 1, pp. 4–31,
Feb. 2011.
[27] R. A. Sarker, S. M. Elsayed, and T. Ray, “Differential evolution with
dynamic parameters selection for optimization problems,” IEEE Trans.
Evol. Comput., vol. 18, no. 5, pp. 689–707, Oct. 2014.
[28] J. Brest, S. Greiner, B. Boskovic, M. Mernik, and V. Zumer, “Self-
adapting control parameters in differential evolution: A comparative
study on numerical benchmark problems,” IEEE Trans. Evol. Comput.,
vol. 10, no. 6, pp. 646–657, Dec. 2006.
[29] A. K. Qin, V. L. Huang, and P. N. Suganthan, “Differential
evolution algorithm with strategy adaptation for global numerical
optimization,” IEEE Trans. Evol. Comput., vol. 13, no. 2, pp. 398–417,
Apr. 2009.
[30] J. Zhang and A. C. Sanderson, “JADE: Adaptive differential evolution
with optional external archive,” IEEE Trans. Evol. Comput., vol. 13,
no. 5, pp. 945–958, Oct. 2009.
[31] Z. Bingul, “Adaptive genetic algorithms applied to dynamic
multiobjective problems,” Appl. Soft Comput., vol. 7, no. 3, pp. 791–799,
2007.
[32] R. G. Reynolds, “An introduction to cultural algorithms,” in
Proc. 3rd Annu. Conf. Evol. Programm., vol. 131139. Singapore, 1994,
pp. 131–139.
[33] D. Karaboga and B. Basturk, “A powerful and efficient algorithm for
numerical function optimization: Artificial bee colony (ABC) algo-
rithm,” J. Glob. Optim., vol. 39, no. 3, pp. 459–471, 2007.
[34] Y. Tan and Y. Zhu, “Fireworks algorithm for optimization,” in Proc. Int.
Conf. Swarm Intell., 2010, pp. 355–364.
[35] Y. Shi, “Brain storm optimization algorithm,” in Proc. Int. Conf. Swarm
Intell., 2011, pp. 303–309.
[36] N. Hansen, “The CMA evolution strategy: A tutorial,” arXiv preprint
arXiv:1604.00772, 2016.
[37] N. Hansen. (2009). Variable Metrics in Evolutionary Computation.
[Online]. Available: https://www.lri.fr/∼hansen/hansen-habil-manu.pdf
[38] Q. Zhang, A. Zhou, and Y. Jin, “RM-MEDA: A regularity model-based
multiobjective estimation of distribution algorithm,” IEEE Trans. Evol.
Comput., vol. 12, no. 1, pp. 41–63, Feb. 2008.
[39] S. M. Elsayed, R. A. Sarker, and D. L. Essam, “Adaptive configuration
of evolutionary algorithms for constrained optimization,” Appl. Math.
Comput., vol. 222, pp. 680–711, Oct. 2013.
[40] F. Peng, K. Tang, G. Chen, and X. Yao, “Population-based algorithm
portfolios for numerical optimization,” IEEE Trans. Evol. Comput.,
vol. 14, no. 5, pp. 782–800, Oct. 2010.
Zhi-Zhong Liu received the B.S. degree in automa-
tion from Central South University, Changsha,
China, in 2013, where he is currently pursuing the
Ph.D. degree in control science and engineering.
His current research interests include evolu-
tionary computation, bioinformatics, swarm intelli-
gence, nonlinear equation systems, and multimodal
optimization.
Yong Wang (M’08–SM’17) received the B.S.
degree in automation from the Wuhan Institute of
Technology, Wuhan, China, in 2003, and the M.S.
degree in pattern recognition and intelligent systems
and the Ph.D. degree in control science and engineer-
ing from Central South University (CSU), Changsha,
China, in 2006 and 2011, respectively.
He is currently an Associate Professor with the
School of Information Science and Engineering,
CSU. His current research interests include the
theory, algorithm design, and interdisciplinary appli-
cations of computational intelligence.
Dr. Wang was a recipient of the Hong Kong Scholar by the Mainland-Hong
Kong Joint Post-Doctoral Fellows Program, China, in 2013, the Excellent
Doctoral Dissertation by Hunan Province, China, in 2013, the New Century
Excellent Talents in University by the Ministry of Education, China,
in 2013, the 2015 IEEE Computational Intelligence Society Outstanding
Ph.D. Dissertation Award, the Hunan Provincial Natural Science Fund
for Distinguished Young Scholars, in 2016, the EU Horizon 2020 Marie
Sklodowska-Curie Fellowship, in 2016, and the Highly Cited Researcher in
computer science by Clarivate Analytics, in 2017. He is currently serving as
an Associate Editor for Swarm and Evolutionary Computation.
Shengxiang Yang (M’00–SM’14) received
the Ph.D. degree in systems engineering from
Northeastern University, Shenyang, China, in
1999.
He is currently a Professor in computational
intelligence and the Director of the Centre for
Computational Intelligence, School of Computer
Science and Informatics, De Montfort University,
Leicester, U.K. He has over 240 publications.
His current research interests include evolutionary
computation, swarm intelligence, computational
intelligence in dynamic and uncertain environments, artificial neural networks
for scheduling, and relevant real-world applications.
Dr. Yang serves as an Associate Editor/Editorial Board Member of seven
international journals, such as the IEEE TRANSACTIONS ON CYBERNETICS,
Information Sciences, Evolutionary Computation, and Soft Computing.
Ke Tang (M’07–SM’13) received the B.Eng. degree
from the Huazhong University of Science and
Technology, Wuhan, China, in 2002, and the Ph.D.
degree from Nanyang Technological University,
Singapore, in 2007, respectively.
From 2007 to 2017, he was with the School of
Computer Science and Technology, University of
Science and Technology of China, Hefei, China, first
as an Associate Professor from 2007 to 2011, and
later a Professor from 2011 to 2017. He is currently a
Professor with the Department of Computer Science
and Engineering, Southern University of Science and Technology, Shenzhen,
China. He has published over 60 journal papers and over 70 conference papers.
He has 4900 Google Scholar citations and an H-index of 32. His current
research interests include evolutionary computation, and machine learning and
their applications.
Dr. Tang was a recipient of the Royal Society Newton Advanced Fellowship
Award in 2015 and the 2018 IEEE Computational Intelligence Society
Outstanding Early Career Award. He is an Associate Editor of the IEEE
TRANSACTIONS ON EVOLUTIONARY COMPUTATION and served as an
editorial boards member for a few other journals.
